Hydrological functions of river basins are summarized as collection, storage and discharge, 10 which can be characterized by the dynamics of hydrological variables including precipitation, 11 evaporation, storage and runoff. The temporal patterns of each variable can be indicators of 12 the functionality of a basin. In this paper we introduce a measure to quantify the degree of 13 similarity in the intra-annual variations in different years for the four main variables. We 14 introduce this measure under the term of recurrence and define it as the degree to which a 15 monthly hydrological variable returns to the same state in subsequent years. The degree of 16 recurrence in runoff is important not only for water resources management but also for 17 hydrologic process understandings, especially in terms of how the other three variables 18 determine the recurrence in runoff. The main objective of this paper is to propose a simple 19 hydrologic classification framework applicable to large basins at global scale based on the 20 combinations of recurrence in the four variables. We evaluate it by Lagged Autocorrelation, 21
dataset composed by eight hydrologic and land surface model outputs. By setting a threshold 23 to define high or low recurrence in the four variables, we classify each river basin into 16 24 possible classes. 25
The overview of recurrence patterns at global scale suggested that precipitation is recurrent 26 mainly in the humid tropics, Asian Monsoon area and part of higher latitudes with oceanic 27 influence. Recurrence in evaporation was mainly dependent on the seasonality of energy 28 availability, typically high in the tropics, temperate and subarctic regions. Recurrence in 29 storage at higher latitudes depends on energy/water balances and snow, while that in runoff is 1 mostly affected by the different combinations of these three variables. According to the river 2 basin classification 10 out of the 16 possible classes were present in the 35 largest river basins 3 in the world. In humid tropic region, the basins belong to a class with high recurrence in all 4 the variables, while in subtropical region many of the river basins have low recurrence. In 5 temperate region, the energy limited or water limited in summer characterizes the recurrence 6 in storage, but runoff exhibits generally low recurrence due to the low recurrence in 7 precipitation. In the subarctic and arctic region, the amount of snow also influences the 8 classes; more snow yields higher recurrence in storage and runoff. Our proposed framework 9 follows a simple methodology that can aid in grouping river basins with similar 10 characteristics of water, energy and storage cycles. The framework is applicable at different 11 scales with different datasets to provide useful insights into the understanding of hydrologic 12 regimes based on the classification. 13
Introduction 14
The hydrological cycle, as one of the main earth systems is directly dependent on several 15 periodical cycles with a variety of frequencies. Rotation of the earth on its own axis, rotation 16 around the sun, rotation of the moon around the earth and variations on the earth's axial tilt 17 are the main cause for temporal variations in the land surface and atmosphere. Variations at 18 seasonal scale are the most recognized patterns in most hydrological processes playing 19 important roles in water resource management. Other climatological changes and additional 20 anthropogenic pressure also add to the complexity of the hydrological cycle. 21 Regardless the complexity, the primary function of a river basin in the hydrological cycle is 22 simply characterized with three main functions: collection, storage and discharge (Black, 23 1997) . The collection function describes the different paths that supplied water from 24 precipitation follows until it reaches a storage component. This collected water is stored at 25 different states and locations within a basin. Water storage, as the first order state variable of 26 river basins, represents its hydrologic condition and serves as the link between collection and 27 discharge regulating the timing and amount of collected water to be released. The discharge 28 function refers to the processes that release the stored water in the form of evaporation back 29 into the atmosphere or as runoff. Among these functions, the prediction and understanding of 30 the release as runoff has been of high importance to understand water hazards and resource 31 management. Nevertheless, as runoff is highly dependent on the other two functions, 32 understanding the dynamics of water collection and storage is unavoidable in order to 1 understand hydrological processes at river basins. soil moisture and potential evaporation and how these two interacted and affected climate. 6
Further they explored the relation of the persistence of soil wetness with the persistence of 7 relative humidity by comparing their lagged autocorrelations (Delworth and Manabe, 1989). 8
Also at global scale, the interactions between runoff processes, their feedback with the 9 atmosphere and their effects on simulated water cycle have been thoroughly studied by 10 (Emori et al., 1996) . Macroscale effects of water and energy supplies (Milly and Dunne, 11 2002 ) and their influence on river discharge have been also analyzed using observed data and 12
GCMs (Milly and Wetherald, 2002) . For river basin characterization with storage information, 13 
where r k is the AC coefficient for lag k, N is the total number of observations, and x̄ is the 24 mean. This AC calculation loses intensity as the lag increases dying down to zero as it 25 approaches N. The AC can further be calculated in terms of the covariance but this 26 computation is considered as a bias calculation of AC. In order to avoid the biased calculation 27 and still be able to calculate a correlation between partial series with larger lags, this series 1 can be assumed as totally separate series with different mean and variance and the 2 calculations can be computed as simple correlation with the following equation: 3
For the recurrence measure with monthly time series, evaluating the AC of time lag 12 only is 5 insufficient because it would only take into account the recurrence in contiguous years. We 6 find more appropriate to include the AC at other multiples of 12. Given the length of the time 7 series used in this study, we decided to use the mean of AC from time lags 12, 24, 36, 48 and 8
9
The results will be dependent also on the temporal resolution (e.g. daily or yearly time series). 10
However in this study we decided to use a monthly resolution and look at yearly cycles 11 because one year is usually a unit at which most of human activities and natural cycles repeat 12 themselves. 13
Fast Fourier Transforms (FFT)

14
The other measure tested in this study is Fast Fourier Transform (FFT) intensity which can 15 identify important periods based on a periodogram. The periodical part of a time series can be 16 described by equation: 17
where m τ is the harmonically fitted mean, μ is the population mean, A i and B i are the Fourier 19 coefficients, p is a period (12 for monthly data), and h is the total number of harmonics 20
The Fourier coefficients are calculates as: 22 For reference, the Constancy (C) and Predictability (P) are defined as: 17
Hydrological Classification 20
The variables considered in this study are precipitation P, evaporation E, runoff Q and storage 21 S, which compose the general hydrological cycle and are the main components of the water 22 balance equation. At global scale or basin scale, each of the four variables are identified as 23 being of high or low recurrence based on the description in previous sections. The first order 1 division of the classification is whether runoff has high or low recurrence, followed by 2 precipitation, evaporation and storage. As a graphical guidance we introduce a classification 3 tree in Figure 3 . The figure shows the 16 possible classes, and the combinations that were 4 found and not within the basins of this study. It is provided to be used as a guidance to 5 understand further figures. We used runoff as the first variable for the classification as it is the 6 main concern for water resource management, and other three variables are further used to 7 explain why the runoff in each basin or region shows high or low recurrence. The value used 8 for classifying the basins as high or low recurrence was an AC of 0.75. 9
First we quantified recurrence at global scale except for Greenland, where models 10 performance is questionable due to its particular conditions, and Antarctica, where the EU-11 WATCH product did not cover. This global analysis was performed for the given time series The subtropical region is mainly characterized by the latitudinal desert belts. This region is 10 characterized by low humidity and general dryness in soil conditions. In this region, 11 precipitation events are typically sudden and intense without following a certain temporal 12 patterns. During rainfall events the other variables also behave similarly. Hence all the four 13 variables tend to have low recurrence. The Southeast Asia Monsoon area is an exception since 14 its behavior is similar to the humid tropics area, therefore displaying high recurrence in all 15
variables. 16
The temperate region also shows generally low recurrence in precipitation due to continental The extent area of high recurrence in storage and runoff is larger in this region mainly 25 attributed to the amount of snow. 26
By taking the spatial average of each variable inside the 35 largest river basins in the world, 27
we calculated recurrence and classified them following the tree illustrated in Figure 3 . output and also shows the maximum, minimum, mean and interquartiles of recurrence 1 calculated using the other models. The tropical region has the most diversity of classes. In this region we found basins belonging 4 to the QPES, QPS, PES, PE and E. Mainly, there are two distinct patterns observed in runoff. 5
High recurrence in runoff takes place in the most humid basins exemplified in Figure 7a by 6 Amazon (QPES) and Figure 7b by Orinoco (QPS). Consistent with the global analysis results, 7
we found that precipitation is highly recurrent for these classes due to a repeating pattern 8
resulting from the oscillation of the ITCZ. Evaporation and Storage are also highly recurrent 9 as they follow the same pattern as precipitation as it can be seen in the Amazon time series in 10 Compared to Amazon, average precipitation is much lower but potential evaporation is almost 28 the same. The Congo basin can be energy limited (P>PET) in the wet season, therefore 29 regardless the amount in precipitation, evaporation will reach its potential creating more 30 recurrent pattern in evaporation. The anomalies in precipitation directly transfer to storage and 31 runoff variations, and since runoff ratio (Q/P) and storage change ratio (  S/P) are muchsmaller, these anomalies are larger relative fluctuations to these variables; hence recurrence in 1 storage and runoff patterns is low. Sao Francisco basin is an exception in this region 2 consisting only of recurrent evaporation. This type of basin is mainly seen in the temperate 3 region and is explained in detail in section 4.3. represented by Orange basin in Figure 7 . In these basins, all variables follow the patterns of 9 precipitation being, sudden, abrupt and lacking any defined temporal distribution, leading to 10 class L (i.e. none of the variables are recurrent). The Indus river basin is an exception in this 11 region belonging to the E class. A dominant class in this region is the ES class exemplified by the Mississippi Basin in Figure  21 7. In this type of basin the precipitation pattern is not recurrent without a distinct dry season. 22
Storage is recurrent in these basins as a result of the energy balance characteristics. Due to the 23 limited energy during the winter season, precipitation is directly transferred to storage 24 increase. During summer, the basins in this class are characterized by being water limited, and 25 therefore most of the precipitated water is evaporated allowing for storage to decrease. In 26 these basins there is some influence of snow, however, the amount of snow is not as high as to 27 create a recurrent runoff pattern. 28
Other group in the temperate region is characterized by recurrence in evaporation only as is 29 exemplified by the Danube river basin. In these basins, precipitation has a pattern of low 30 recurrence that transfers to the variables of storage and runoff. As compared to Mississippi, 1 Danube River Basin is not energy limited during summer. This creates a pattern where the 2 anomalies and low recurrence of precipitation also transfer to storage reducing its recurrence. 3
Subarctic and arctic region (55.0 o -90 o (N/S)) 4
In the subarctic region we found basins belonging to the QPES, QPE, QES, QE and E classes. 5
As in the temperate region, evaporation is recurrent due to the seasonality of energy supply. 6
All of the basins in this region except Kolyma have recurrent runoff. The runoff pattern is 7 dominated by snowmelt taking place similarly year after year observed in the sudden peak in andFigure 11 we can also conclude that storage is recurrent for these basins depending on the 25 amount of snow; higher SWE and winter precipitation are linked to higher recurrence. For 26 this region, the recurrence in storage and runoff is independent from the recurrence in 27 precipitation but it is dependent on the precipitation and snow amounts. where n x is the mean rainfall of month n and R is the annual mean of a hydrological 8 variable. Hence the seasonality measures the degree to which each monthly value of a regime 9 curve deviates from the overall annual mean, which is essentially different from the 10 recurrence defined above. Figure 12 displays the relationship between recurrence and 11 seasonality for all the time series in the study, including each variable from every basin. The 12 figure suggests that generally higher seasonal variable tends to have higher recurrence. This is 13 because if a variable has strong seasonality, the influence of the deviation from the 14 climatology has comparatively less impact on the AC. Furthermore, recurrence of storage and runoff depend also on the timing of P and PET peaks. 28
As Figure 15c and d indicate, the recurrence of storage and runoff tends to be higher if P and 29 PET are out of phase (>2 months). 30 31 1
Recurrence measured by FFT intensity and Colwell's Contingency 2 compared to AC 3
The proposed indices to measure recurrence are lagged AC, FFT intensity and Colwell's 4
Indices. For most of the cases, the basins that show higher AC also have higher values of FFT 5 intensity and Colwell's Predictability. However, it is to be noted that some basins showing 6 lower AC and FFT intensity have high Colwell Predictability, especially in dry conditions. 7
For example, in the arid basins where all the variables are low most of the time except for 8 abrupt peaks, AC and FFT intensity are low, while Colwell's Constancy and Predictability are 9 high. However, these basins are rather low in Colwell's Contingency (Table 4) . Contingency 10 measures the degree to which state and time are dependent on each other, measuring the 11 degree to which a particular state takes place at a particular time. For this reason Colwell's 12
Contingency's results are highly consistent with the results of AC and FFT intensity. 13
Colwell's Contingency is not only consistent with the other indices but also adequate for 14 measuring recurrence as defined above. Table 5 shows the classification of each basin using 15 the different metrics. 16 Table 5 shows the classification of basins from different 22
metrics. 23
The FFT procedure is used to represent a time series by fitting a sine and cosine function, 24 therefore the FFT intensity will be higher for variables following a sinusoidal pattern. climatology. Figure 17a shows the example of evaporation in Changjiang for which a highly 27 sinusoidal pattern indicates high AC and FFT intensity. Figure 17b shows an example of low 28 recurrence with low AC and FFT intensity. However there are two examples where the FFT 29 intensity value indicates low recurrence while AC indicates high recurrence. First, Figure17c  30 (Congo-evaporation) shows a bimodal pattern which has a high AC but low FFT intensity, 31 since the peaks in evaporation appear at different frequencies, the intensity at a period of 12 1 months becomes weaker and other high intensities appear at different frequencies. The second 2 example shown in Figure 17d , takes place with basins in the subarctic region where the 3 highest volume in runoff comes from snowmelt in early spring but the peak in precipitation 4 takes place during summer creating a lump in the recession of the runoff climatology. This 5 second lump reduces the intensity at a period of 12 months and increases other frequencies 6 seen on the periodogram. For both of these cases with deviations from a sinusoidal function 7 AC represents better the concept of recurrence because if the same pattern repeats, 8 independent of the shape of the pattern, AC at lags multiples of 12 will be higher. 9
Colwell's Contingency also has high correlation with AC. However, Colwell's Index is 10 mainly used for qualitative descriptions in ecological sciences but it is adjustable to time 
Conclusions 27
This paper presented a framework of hydrologic classification applicable to large scale river 28 basins based on monthly temporal variations of precipitation, evaporation, storage and runoff. 29
The classification was derived from the concept of hydrological recurrence as a metric 30 defined as the degree to which a monthly hydrological variable returns to the same state in 31 subsequent years. The recurrence was measured using the mean of autocorrelations (AC) with 1 the multiples of 12 up to 60 month lags, the intensity of Fast Fourier Transforms (FFT 2 intensity) and Colwell's Contingency Index. These measures were calculated at global 3 gridded scale (0.5 o ) and at the 35 largest basins of the world based on the model forcing or 4 output of the EU-WATCH dataset. 5
The recurrence of individual variables is generally different in different latitudinal regions. 6
For the recurrence in precipitation, the seasonality of moisture plays an important role, while 7
for that in evaporation, the effect of seasonality in energy is more dominant. Storage 8 recurrence is more dependent on the seasonality of moisture in the tropics and snow at higher 9 latitudes. Finally, all combinations control the characteristics of the recurrence in runoff. 10
According to our proposed classification, which results in 16 possible classes from the 11 combinations of high or low recurrence of the four variables, only 10 classes are present from 12 our study river basins. In the tropical region, essentially recurrence in runoff and storage is 13 dependent on aridity. Humid basins are highly recurrent in all variables. Drier basins have low 14 recurrence in runoff but storage recurrence is dependent on the timing of the peaks in 15 precipitation and PET. 16 In the temperate region, evaporation is always recurrent due to high seasonality, while 17 precipitation shows low recurrence in this region, due to basins' aridity. In these basins, the 18 timing of peaks between P and PET also influence the recurrence in Q and S. 19
In the subarctic region, evaporation is again highly recurrent due to extreme seasonality. 20
Precipitation is recurrent in areas with oceanic currents influences. Recurrence in storage is in 21 the basins with larger amount of snow, whose melting process dominate the patterns of runoff. 22
As a result, the runoff recurrence is high in this region, while the storage recurrence varies in 23 different areas. Therefore, the river basins are mainly classified into QPES, QPE, QES or QE 24 depending on their combinations. 25
The above results were primarily obtained based on the analysis of AC metric with 26
WaterGAP model output. However, the other two metrics, FFT intensity and Colwell's 27
Contingency, and other eight models also essentially showed consistent results. 28
Overall the presented approach is an attempt to define basin similarity accounting for the 29 temporal patterns of water balance components. River basins in the different classes are likely 30 to behave differently even under the similar changes in climate control. The same framework 31 may be applied to long-term time series data from different sources including GCM future 1 projections. Furthermore, by using long-term time series breaking down into partial time 2 series, the proposed framework may identify a hydrologic regime shift from one class to 3 another, as well as the characteristics of hydrologic sensitivity in different classes. For this 4 kind of study, EU-WATCH provides useful datasets for projecting future hydrologic variables. 5
Finally, there are several limitations that are intrinsic to the classification framework. 6
Although, some of the combinations that were not found are considered not feasible (e.g. only 7 recurrent runoff), there are other classes that may be found if the sample of basins is further 8 extended. The classification also considers no landscape controls in the hydrological 9 processes, effects of land use, and human interactions among other important factors that also 10 dominate and influence the temporal variability of hydrological variables. The framework 11 currently uses the spatial average of large river basins, leaving aside heterogeneity in climatic 12 and geographic characteristics. Downscaling to smaller sub-basins can bring insight not only 13 in the behavior at smaller scale but also on how different sub-basins add up to create a general 14 pattern in the large scale basins. Even though the presented method is not a definite and only 15 classification framework, the analysis comparing different classes provide useful insights into 16 the functions of large river basins in the world. 17
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